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METHODS AND DEVICES FOR GESTURE RECOGNITION

Technical Field
[0001] Exemplary implementations described herein generally relate to methods and

devices for gesture recognition.

Background
[0002] Gesture recognition through visual understanding is a fundamental task in various
fields, including robotic applications. Different gestures have different hand shapes and
movements. Computer vision techniques may be used to classify different gestures, e.g.,
through both visual appearances and hand motions. However, gesture recognition methods
typically assume that the camera is static, where the hand pose in image frames results from
only from hand movements. Gesture applications as in virtual reality (VR) and augmented
reality (AR) also typically assume the hand is close to the camera so that the hand size is big
and clear for hand/key point detection. However, this assumption is not always true in robotic
fields. For robots with mobility such as AMR (autonomous mobile robots), vacuum cleaning
robots, robot arms, etc., the camera (which is attached to the robot) moves in a large and free
space. In such an application, difficulties in gesture recognition arise because 1) hand and
camera motions are coupled together in terms of image changes, which may lead to
classification error towards hand motions and 2) hand images are easily blurred due to both
camera motion and far distance. These difficulties may cause failure of hand detection, key
point detection, gesture classification, etc. Accordingly, approaches for gesture recognition are
desirable which allow reliable gesture recognition in particular in applications with strong

camera movement.
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Brief Description of the Drawings

[0003] In the drawings, like reference characters generally refer to the same parts

throughout the different views. The drawings are not necessarily to scale, emphasis instead

generally being placed upon illustrating the principles of the invention. In the following

description, various aspects are described with reference to the following drawings, in which:

FIG. 1 illustrates a gesture recognition scenario where a camera taking pictures for recognition
of gestures of a human user is mounted on a moving robot.

FIG. 2 illustrates an approach for gesture recognition according to an embodiment.

FIG. 3 shows a flow diagram for gesture recognition according to an embodiment.

FIG. 4 illustrates operation and training of a generator of a generative model used for gesture
recognition according to an embodiment.

FIG. 5 illustrates a close loop self-supervision according to an embodiment.

FIG. 6 shows a multi-stream gesture net with gate attention according to an embodiment.

FIG. 7 shows an example of a joint representation, a first bone representation, a second bone
representation and a movement representation for a hand according to an embodiment.

FIG. 8 shows a gate attention module according to an embodiment.

FIG. 9 shows a gesture recognition device according to an embodiment.

FIG. 10 shows a flow diagram illustrating a method for recognizing a gesture according to an

embodiment.

Description of Exemplary Implementations
[0004] The following detailed description refers to the accompanying drawings that show,
by way of illustration, specific details and aspects of this disclosure in which the invention may
be practiced. Other aspects may be utilized and structural, logical, and electrical changes may
be made without departing from the scope of the invention. The various aspects of this
disclosure are not necessarily mutually exclusive, as some aspects of this disclosure can be

combined with one or more other aspects of this disclosure to form new aspects.
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[0005] FIG. 1 illustrates a gesture recognition scenario where a camera 101 taking pictures

for recognition of gestures of a human user 102 is mounted on a moving robot 103.

[0006] In a scenario of FIG.1 where the camera 101 is moving with respect to the human
user 102 because of movement of the robot 103, (e.g. an AMR (autonomous mobile robot), a
gesture recognition approach which is based on the assumption that the camera is static or
that they are only very small movements of the camera 101 with respect to the user due to
camera movement and that the hand is close to the camera may not be suitable, i.e. may
deliver bad results.

[0007] It should be noted that in the present and the following examples, gestures to be
recognized are hand gestures performed by a human person with his or her hand 104.
However, gestures may also be performed by other body parts (e.g. a gesture may be nodding
with a head) and may also be gestures performed by body parts of nhon-human entities, e.g.
another robot.

[0008] In a scenario where the camera is static and the hand close the camera, images of
the hand are clear and the hand is shown with sufficient size for hand detection and hand key
point detection. An example for such a scenario is image deblur and gesture control in phones
and virtually reality (VR) or augmented reality (AR) devices, e.g. VR or AR glasses. Techniques
used for those applications are typically only able to handle camera jitter or shake with limited
movements which are small in comparison of the hand gesture movements. In those scenarios,
the camera motion is caused by hand and head shakes which are very small movements
compared to the gesture movements. Furthermore, in those scenarios, hands are near to the
camera and are thus easy to detect. For example, in VR glasses, the distance from hand to
camera is at most the length of human arm. This distance is good for hand detection since the
hand region is big in the taken images.

[0009] 1In a robotic application such as an AMR, however, the robot-mounted camera often
strongly moves. This may cause errors in dynamic gesture recognition for techniques for VR

and AR applications. In addition, the user 102 may be far away from the robot 102, e.g.,
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several meters away. So, the images of the hand may be blurred, and the hand may be shown

with small size which may cause failure of hand detection and hand key point detection in
techniques for VR and AR applications.

[0010] In view of the above, according to various embodiments, an approach for gesture
recognition is provided which allows reliable gesture recognition in case of scenarios with free
camera movement, e.g., using images taken from a camera mounted on a high-speed AMR
whose movement may be much larger than the movement of the hand gesture which should
recognized and where the hand may be far from the camera. For example, the robot 103
includes a gesture recognition device 105 configured to operate according to this approach.
[0011] FIG. 2 illustrates an approach for gesture recognition according to an embodiment.
[0012] The approach includes processing of an input video 203 (i.e. a sequence of images
showing a hand performing a gesture) by a generative model 201 and a fusion 202 of features
generated from multiple gesture information streams by a multi-stream gesture map to
generate a gesture recognition result 204.

[0013] The generative model 201 allows dealing with free sized hands and free camera
motions. It combines motion disentangle (or compensation), image quality improvement, and
gesture recognition together to boost the end-to-end performance.

[0014] The generative model 201 is trained by supervising it by a discriminator so that it is
trained to enhance small sized or blurred hands for robust hand key point detection.

[0015] The two modules (generative model 201 and fusion 202) may interact with each
other. They may be trained in a joint manner in an end-to-end fashion.

[0016] FIG. 3 shows a flow diagram 300 for gesture recognition according to an
embodiment, for example carried out by the gesture recognition device 105.

[0017] The gesture recognition is for example applied for a robot 103 having a robot-
mounted camera 101 as illustrated in FIG. 1.

[0018] According to various embodiments, the approach illustrated in FIG.2 is combined

with the usage of data acquired from other sensors (i.e. in addition to the camera 101) to
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improve the video data input for gesture recognition. For example, using audio or voice input

can help with moving the robot camera 101 to the right direction and orientation to ensure that
image data can be captured accurately for gesture recognition. Lidar or IR (infrared) sensors
can also be used to accurately position the robot 103 with respect to the hand gestures to
ensure accurate video data input capture of the hand 104.

[0019] Accordingly, in 301, sensor data from one or more other sensors is acquired and the
robot 103 and the camera 101 are positioned such that the camera 101 can take pictures of
the hand 104, i.e. can scan the hand gesture.

[0020] Once the camera 101 is accurately positioned to scan the hand gesture, the camera
101 takes a sequences of images of the hand 104 in 302.

[0021] 1In 303, to handle strong camera movement and small hand size, a generator of a
generative model is applied, which is in this embodiment a generator of a gesture supervised
recursive GAN (Generative Adversarial Network) for motion disentangle and high-quality hand
image generation. The generator disentangles the hand motion (caused by the gesture) from
the camera motion (caused by movement of the robot 103) and thus can handle free camera
movements. The generator further increases hand resolution without loss the image quality, to
boost the success rate of the hand detection and key point detection. The generator operates
in a recursive manner, i.e. generates a motion-compensated (and enhanced) image for a
current image of the video 203 based on the current image and the motion-compensated (and
enhanced) image generated for a previous image of the video 203.

[0022] Thus, the generative model 201 generates a sequence of motion-compensated (and
enhanced) images.

[0023] To perform multi-stream gesture recognition using fusion 202 of features, multiple
streams are generated in 304 which represent the pose or movement of the hand. This may for
example be a sequence of representations indicating joint positions, a sequence of

representations indicating bone positions or a sequence of representations indicating
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movement of joints. As representations, graphs (including nodes and edges) may for example

be used.

[0024] The multiple representations are then processed by a gesture net (i.e. a neural
network for gesture recognition) in 305, where the multiple streams are fused by the fusion
202 of features based on a gate attention. Thus, according to one embodiment, the following
three sequences of representations are combined: first order (joints), spatial second order
(bones) and temporal second order (motion).

[0025] 1In the following, the generative model used in 303 is described in detail.

[0026] FIG. 4 illustrates operation and training of a generator 400 of a generative model
used for gesture recognition according to an embodiment.

[0027] The generator 400 includes two sub-generators: a motion disentangle generator
401 (also referred to as motion compensation generator) and a (high-quality) hand image
generator 402. For training of the generator 400 (according to GAN training), the generative
model includes a discriminator 403 which includes two sub-discriminators: an image
discriminator 404 and a hand key point discriminator 405. The training of the generator 400 (as
well as the discriminator 403) may be carried out by a training (computer) device. The trained
generator 400 may then be stored in the gesture recognition device 105.

[0028] In FIG. 4 and in the following explanation, I, is the current input frame (i.e. the
image of the sequence of images for currently, for time index ¢, being processed by the
generator 400), g,,, . is the output of the motion disentangle generator 401 (for the current
input frame), and g, . is the output of the hand image generator 402.

[0029] For supervision of the motion disentangle generator 401 in training, a reference
image is generated by a motion wrapping module 406 for the current input frame I, based on
the current input frame I, and the preceding input frame I,_, using SLAM (Simultaneous
Localization and Mapping) pose generation, for example a SLAM system of the robot 103. This

reference image for the current frame (i.e. for time index ¢) is denoted as I,,, ;.
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[0030] The motion disentangle generator 401 aligns frame I, to I,, i.e. adjusts the current

input frame I, so as to compensate the change of the camera viewpoint (i.e. to compensate the
camera movement) from time 0 to time & This means that it generates an image g,,, . under
the camera pose of I, (i.e. a reference camera viewpoint) for the current time index £ The
motion disentangle generator 401 does this based on the current input frame I, and based on
the image generated by the generator 400 for the preceding input frame g, .—1. Thus, image
generation by the generator 400 can be seen to be conducted recursively (or in a closed loop)
wherein adjacent frames (i.e. subsequent input frames in the input sequence) are aligned with
small pose changes. It should be noted that for the first input frame I, of the sequence of input
images, where there is no preceding image, g,, o may simply be set to I, because it is already
aligned with the reference camera viewpoint.

[0031] In training, the sequence of input frames I, (£= 0, 1, ..., T) comes from a student
dataset 409 of training images (or training videos).

[0032] As mentioned above, the motion disentangle generator 401 is supervised using the
output of a motion wrapping module 406, denoted as I,,, ;, for the current input frame I,. For
example, the motion wrapping module 406 uses the robot’s SLAM system to compute the
camera movement between the preceding input frame I,_, and the current frame I, and re-
project the current frame I, to the camera viewpoint from which the preceding input image I,_,
was taken (or generated in case of synthetic generation of training images). Each camera
viewpoint is for example given by a camera coordinate system for the respective value of the
time index £ The supervision is implemented by including a term punishing a high difference
between g,,. and I,,,, in the loss of the generator 400.

[0033] It should be noted that the wrapping image I,,,, does not need to be a complete
image since not every pixel on I,,,, necessarily has a correspondence pixel on I,. For example,
due to the viewpoint difference, some pixel on I,,, . may not be observable on I, due to
occlusion. Thus, only those valid pixels which have corresponding points on I, are used to
supervise the motion disentangle generator 401. The valid pixel mask is denoted as M,,, . (see

7
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the loss function given below). The motion disentangle generator 401, in contrast, generates

complete images (having pixel values for all pixel locations).

[0034] The hand image generator 402 generates an image g, . for the current input frame
I, with clear hand appearance for hand gesture recognition. Although hand gesture recognition
does not need fine details on the hand appearance and texture, a hand detector may fail for
blurred or small sized hands. Thus, the hand image generator 402 is provided to improve the
image quality for robust hand detection and/or hand key point detection. In the example of FIG.
4, a hand key point detector 407 is trained on a teacher dataset of training images. The hand
key point detector 407 is used in training of the generator 400 and the discriminator 403 and
may also be used in 304 to extract a key point (e.g. joint) representation of a hand from a
hand image.

[0035] To train the image generator 402, the hand key point detector 407 is kept fixed and
the image g, . generated by the hand image generator 402 is fed to the key point detector 407.
The hand image generator 402 is trained such that it generates images leading to hand key
point embeddings which the hand key point discriminator 405 can distinguish from hand key
point embeddings generated from the images of the teacher data set as little as possible, i.e. to
lower the ability of the hand key point discriminator 405 to distinguish between images
generated by the hand image generator 402 and images from the teacher dataset 408 based
on their hand key point embeddings generated by the hand key point embedder 407. In other
words, image quality of images generated by the hand image generator 402 is supervised by
minimizing a loss based on hand key point detection.

[0036] In the recursive image generation process performed by the generator 400 error
accumulation and drifting may occur. Therefore, according to one embodiment, the generator
400 and the discriminator 403 are trained in a closed loop as illustrated in FIG. 5.

[0037] FIG. 5 illustrates a close loop self-supervision. Images g, = (g gar) (£=0, 1, ...,
T) are generated in a forward process and g; = (gm. - 9 ) are the images generated in a

backward process. First, the generator 400 generates the images g, recursively from the first
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frame to the last frame, then reverses the sequence and generates frames from the last frame

to the first frame. Thus, it forms a set of closed loops. The forward generated images should
be the same as that from backward generated images which is reflected in the loss function for
the generator 400.

[0038] The loss function L for the generator 400 and the loss function Ly, for the

discriminator 403 are according to an embodiment as follows:

1
Lp=—=:() logDy(x) + Y log(1 = Dy(G()) + ) logDu(H() + Y log(1 — Dy(H(GD)))

x€T IeS x€T IeS

T
1
Le = =3:0) 10gDy(G(D) + > 10gDRHGDN) + > > [I(Gme = hme) * M

IES IES IeS t=1

T T
D Yllgar=gar'l, + YD Nlgme = gme'l,

IeES t=1 IeES t=1

[0039] As mentioned above, in the processing of a gesture net in 305, multiple streams of
hand pose or hand movement representations are fused by the fusion 202 of features based on
gate attention. This is explained in detail in the following.

[0040] FIG. 6 shows a multi-stream gesture net 600 with gate attention.

[0041] The gesture recognition device 105 classifies the input video 203 as one of a
plurality of pre-defined gesture classes 611 by means of the multi-stream gesture net 600. In
the example of FIG. 6, the multi-stream gesture net 600 is a triple-stream spatial-temporal
graph convolutional network to allow robust classification (and thus gesture recognition).
[0042] The input to the multi-stream gesture net 600 are multiple streams of
representations, i.e. multiple sequences of representations, wherein each representation may
for example be given in graph form, i.e. be given by a graph data structure.

[0043] FIG. 7 shows an example of a joint representation 701, a first bone representation
702, a second bone representation 703 and a movement (motion) representation 704.
[0044] As mentioned above, the hand key point detector 407 may generate (in 304), for
each image generated by the generator 400 the joint representation 701 (i.e. the key points

are joints represented by nodes in the joint representation 701). From this, the gesture
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recognition device 105 may generate the first bone representation 702 by connecting adjacent

joints. The gesture recognition device 105 may generate the second bone representation 702
by defining key joints (e.g. the finger tip), connecting the key joints and connecting each
remaining joint to the nearest key joint. The gesture recognition device 105 may generate the
motion representation 704 by assigning, to each joint, a motion vector specifying the
movement of the joint between the preceding joint representation (i.e. the joint representation
generated for the preceding input frame) and the current frame.

[0045] Thus, the gesture recognition device 105 generates sequences (or streams) of
representations, in this example three sequences (joint stream, bone stream and motion
stream).

[0046] For input to a respective ST-GCN (Spatial Temporal Graph Convolutional Network),
each sequence of representations is written as a spatial-temporal graph. For the joint
representation, the input to the ST-GCN is for example the joint coordinate vectors on the
graph nodes (i.e. vertices), i.e. there is a graph node for each joint and its initial features are
the coordinates of the joint (so an initial feature map includes coordinates for all joints and for
all input frames). These features change as a result of the processing by the ST-GCN (by
combination of features of different nodes by convolution). For the motion representation,
there is a graph node for each joint and its initial feature is the motion vector of the joint. For
the bone stream, the initial feature of each joint is the bone vector pointing from the joint to
another joint. The number of nodes is equal to the number of bones. According to one
embodiment, the number of joints, bones, and motion nodes are the same for computational
convenience.

[0047] The gesture net 600 includes, for each stream of representations, a chain of ST-
GCNs 601 to 606 forming a chain of processing stages 607, 608. After each processing stage
607, 608, the output of the processing stage 607, 608 for each representation stream is
adjusted by the outputs of the processing stage 607, 608 for the other representation streams

which are supplied to the representation stream via a respective gate (e.g. gates 609, 610 for

10
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the joint stream after the first processing stage 607) which depends on trainable parameters

for the gate, wherein the parameters for different gates are independently trainable. The gates
609, 610 are part of gate attention modules (not shown in FIG. 6) which will be described in
more detail below with reference to FIG. 8.

[0048] The gesture net 600 is trained by a training device (e.g. the same that trains the
generator 400, the discriminator 403 and possibly also the hand key point detector 407).
[0049] FIG. 8 shows a gate attention module 800.

[0050] The gate attention module 800 serves adjusting the output of a processing stage
607, 608 for a first representation stream. This output is referred to as H,; and it includes C x
N x T values, wherein Nis the number of nodes of the (graph) representation, 7is, as above,
the number of input frames and Cis the number of channels (i.e. the dimensionality of the
feature vector assigned to each node). The gate attention module 800 adjusts the output H,
based on the output H, of the processing stage for a second representation stream and the
output H; of the processing stage for a third representation stream.

[0051] The gate attention module includes a first gate 801 and a second gate 802. For
example, the first representation stream is the joint stream, the output H, is the output of the
first processing stage 607 for the joint stream, the output H, is the output of the first
processing stage 607 for the bone stream and the output H; is the output of the first
processing stage 607 for the motion stream, the first gate 801 corresponds to the gate 609 and
the second gate 802 corresponds to the gate 610. The gesture net 600 includes similar gate
attention modules of the second representation stream and the third representation stream
(wherein the indices are changed accordingly, i.e. H; is replaced by H, for the second
representation stream etc.)

[0052] Each gate 801, 802 adjusts the value H; according to a gate attention given by an
attention value. The gate attention can be directed or undirected. In the directed case, the
attention value of the adjustment i — j (i.e. the adjustment of H; by H;) is independent from

that of j — i. This means that the importance of the ith representation stream to the jth

11
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representation stream could be different from the importance of jth representation stream to

the ith representation stream. In the undirected case, the ith and jt/ representation streams
share the same importance to each other. According to various embodiments, directed gate
attention is used. A gate attention module using undirected gate attention can be seen as a
simplified version of the gate attention module 800 and can be deduced from it.
[0053] The gate attention module for the jth stream calculates attention values Aj- of a
directed attention map, wherein A} describes the importance of each vertex (i.e. graph node)
on the ith stream to the corresponding vertex on the j stream:

AJi- =Hj*w}+Hl-*wlj,
where **' denotes convolution, j =1,2,3,i=1,23,andj#i (= 1and /= 2, 3 in FIG. 8). The
w}' and wij are trainable convolution kernels (i.e. specify sets of filter weights) of first to fourth
convolutional filters (803, 804, 805, 806 in the example of FIG. 8) indicating the importance
weight from stream i to j, and j to i, respectively. The operation of each gate is defined by a
gate map

G = 8(4;),
where the §(+) is the sigmoid function. In the example of FIG. 8, for the first gate 801, i=2 and
j=1 and for the second gate 802, i=3 and j=1. Each gate value Gji(c, n,t) of the gate map
depends on the channel, vertex and frame and represents how much information will be fed
from stream i to j, at vertex (n, t) on the ¢t/ feature component.
[0054] The attention map and the gate map is computed for every pair of streams and thus
there are six attention maps and six gate maps.
[0055] Finally, the output for the Ath stream (k=1 in FIG. 8) after adjustment is given by:

Kfusion — Pk * fee(Gi - Hy, G} “Hj, Hy.) + by,

where k # i,j and j # i (i.e. jand /are the remaining two streams, i.e. 2 and 3 in FIG. 8) f¢¢
is the concatenation operator, the " - " is element wise multiplication, w;, is a (trainable)

convolution kernel of a fifth convolutional filter 807 and by, is bias. The convolution kernels

12
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have dimensions such that the output Hy,,,,,, has again € x N x T value and is also denoted as

fusion map. The fusion map output for the Ath stream merges feature values determined for
the other two streams with the feature values determined for the Ath stream based on the gate
attention values which depend on the trainable convolutional kernels w}, and w] used in the
convolutional filters 803, 804, 805, 806.
[0056] The output of the last processing stage 608 is fed to one or more (e.g. fully
connected) layers 612 which perform the classification (e.g. output soft values for the classes
611).
[0057] The input video has for example 20 to 50 frames. Training may for example be
performed using the Dynamic Hand gesture 14/28 dataset which is split into trainings samples
and testing samples (e.g. 70% to 30%).
[0058] According to various examples, in other words, a gesture recognition device is
provided as illustrated in FIG. 9.
[0059] FIG. 9 shows a gesture recognition device 900 according to an embodiment.
[0060] The gesture recognition device includes an input interface 901 configured to receive
a sequence of images, each image showing a body part with which a gesture is performed from
a viewpoint of a camera.
[0061] Further, the gesture recognition device includes a processor 902 configured to
generate a sequence of motion-compensated images from the sequence, including:
generating a motion-compensated image for an image of the sequence by compensating the
movement of the camera viewpoint from a reference camera viewpoint to the viewpoint from
which the image shows the body part based on

e the image and

e a motion-compensated image of the sequence generated for a preceding image

of the sequence which precedes the image in the sequence.

[0062] The processor 902 is further configured to estimate the gesture from the sequence

of motion-compensated images.
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[0063] According to various embodiments, in other words, a generator (e.g. of a GAN) is

used to compensate the movement of a camera taking pictures for gesture recognition. The
generator has a feedback loop in the sense that it uses a motion-compensated image it has
generated for an earlier point in time for generation of a motion-compensated image it
generates for a current (later) time (assuming that the images are indexed by points in time).
[0064] The approach of FIG. 9 allows reliable gesture recognition with a moving camera,
e.g. attached to a moving robot. It may for example be applied for hand gesture recognition
which is a basic function in various fields including robotics, autonomous driving, human
computer interaction, etc. In all these fields, cameras may be strongly moving. In addition, the
approach of FIG. 9 can also be applied in other video analysis fields with one or more moving
cameras, such as action recognition.
[0065] FIG. 10 shows a flow diagram 1000 illustrating a method for recognizing a gesture,
for example performed by a gesture recognition device.
[0066] In 1001, the gesture recognition device receives a sequence of images, each image
showing a body part with which a gesture is performed from a viewpoint of a camera.
[0067] In 1002, the gesture recognition device generates a sequence of motion-
compensated images from the sequence. The generation of the sequence of motion-
compensated images includes generating a motion-compensated image for an image of the
sequence by compensating the movement of the camera viewpoint from a reference camera
viewpoint to the viewpoint from which the image shows the body part based on

e theimage and

e a motion-compensated image of the sequence generated for a preceding image of the

sequence which precedes the image in the sequence.

[0068] 1003, the gesture recognition device estimates the gesture from the sequence of

motion-compensated images.
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[0069] The gesture recognition device may receive the sequence of images from a camera

of an autonomously moving robot. The recognition device may also be part of the
autonomously moving robot.

[0070] According to one embodiment, in addition or in alternative to the above, the input
interface 901 is configured to receive a plurality of sequences of representations of a pose or
movement of a body part and the processor 902 is configured to implement a neural network
configured to determine, for each sequence of representations of the plurality of sequences of
representations, a feature map and is configured to adjust, in accordance with a first attention
map, feature map values determined for a first sequence of representations of the plurality of
sequences of representations, by feature map values determined for a second sequence of
representations of the plurality of sequences of representations to adjust, in accordance with a
second attention map, feature map values determined for the second sequence of
representations, by feature map values determined for the first sequence of representations,
wherein the second attention map is different from the first attention map and to estimate a
gesture from the sequence of motion-compensated images using the adjusted feature map
values determined for the first sequence of representations and the adjusted feature map
values determined for the second sequence of representations.

[0071] Further, the device 900 of FIG. 9 may also be gesture training device (with or
without input interface 901) where the processor is configured to train a generator or a gate
attention module or both.

[0072] The components of the gesture recognition devices and gesture recognition training
devices may be implemented by one or more processors. A "processor" may be understood as
any kind of a logic implementing entity, which may be special purpose circuitry or a processor
executing software stored in a memory, firmware, or any combination thereof. Thus a
"processor" may be a hard-wired logic processor or a programmable logic processor such as a
programmable processor, e.g. a microprocessor. A "processor" may also be a processor

executing software, e.g. any kind of computer program. Any other kind of implementation of
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the respective functions which will be described in more detail below may also be understood

as a "processor". The communication device may for example be at least partially implemented
by a transceiver which may for example be at least partially implemented by a modem (e.g. an
LTE modem), a baseband processor or other transceiver components or also by an application
processor. The communication device may for example be a communication terminal as such
and may include typical communication terminal devices such as a transceiver (including e.g. a
baseband processor, one or more filters, transmit chains, receive chains, amplifiers etc.), an
antenna, a subscriber identity module, an application processor, a memory etc.

[0073] The following examples pertain to further exemplary implementations.

[0074] Example 1 is a gesture recognition device including an input interface configured to
receive a sequence of images, each image showing a body part with which a gesture is
performed from a viewpoint of a camera; and a processor configured to generate a sequence
of motion-compensated images from the sequence, including generating a motion-
compensated image for an image of the sequence by compensating the movement of the
camera viewpoint from a reference camera viewpoint to the viewpoint from which the image
shows the body part based on the image and a motion-compensated image of the sequence
generated for a preceding image of the sequence which precedes the image in the sequence;
and estimate the gesture from the sequence of motion-compensated images.

[0075] Example 2 is the gesture recognition device of Example 1, wherein the processor is
configured to implement a generator of a generative adversarial network and is configured to
generate the motion-compensated image from the sequence of motion-compensated images
by means of the generator.

[0076] Example 3 is the gesture recognition device of Example 1 or 2, wherein the
processor is configured to generate the motion-compensated image by generating an
intermediate image, wherein in the intermediate image the movement of the camera from a

reference camera viewpoint to the viewpoint from which the image shows the body part is
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compensated, and wherein the processor is configured to and generate the motion-

compensated image by increasing the image quality of the intermediate image.

[0077] Example 4 is the gesture recognition device of Example 3, wherein increasing the
image quality of the intermediate image includes deblurring the body part in the intermediate
image.

[0078] Example 5 is the gesture recognition device of any one of Examples 1 to 4, wherein
the processor is further configured to generate, from the a sequence of motion-compensated
images, a plurality of sequences of representations of a pose or movement of a body part;
implement a neural network configured to determine, for each sequence of representations of
the plurality of sequences of representations, a feature map; and a gate attention module
configured to adjust, in accordance with a first attention map, feature map values determined
for a first sequence of representations of the plurality of sequences of representations, by
feature map values determined for a second sequence of representations of the plurality of
sequences of representations; to adjust, in accordance with a second attention map, feature
map values determined for the second sequence of representations, by feature map values
determined for the first sequence of representations; and to estimate a gesture from the
sequence of motion-compensated images using the adjusted feature map values determined
for the first sequence of representations and the adjusted feature map values determined for
the second sequence of representations.

[0079] Example 6 is the gesture recognition device of Example 5, wherein the second
attention map is different from the first attention map.

[0080] Example 7 is a method for recognizing a gesture including receiving a sequence of
images, each image showing a body part with which a gesture is performed from a viewpoint
of a camera; generating a sequence of motion-compensated images from the sequence,
including: generating a motion-compensated image for an image of the sequence by
compensating the movement of the camera viewpoint from a reference camera viewpoint to

the viewpoint from which the image shows the body part based on the image and a motion-
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compensated image of the sequence generated for a preceding image of the sequence which

precedes the image in the sequence; and estimating the gesture from the sequence of motion-
compensated images.

[0081] Example 8 is a gesture recognition training device including: a processor configured
to train a generator for generating a motion-compensate image for an image of a sequence of
images taken by a camera, each image showing a body part with which a gesture is performed
from a viewpoint of a camera, by compensating the movement of the camera from a reference
camera viewpoint to the viewpoint from which the image shows the body part based on the
image and based on a motion-compensated image of the sequence generated for a preceding
image of the sequence which precedes the image in the sequence by adjusting the generator
to lower the ability of a discriminator to detect that a motion-compensated image generated by
the generator has been generated by the generator.

[0082] Example 9 is the gesture recognition training device of Example 8, wherein the
processor is further configured to train the discriminator to distinguish between motion-
compensated images generated by the generator and images from a reference image data set.
[0083] Example 10 is the gesture recognition training device of Example 9, wherein the
processor is configured to train the discriminator to distinguish a motion-compensated image
generated by the generator and an image from the reference image data set based on key
point embeddings generated for the motion-compensated image and the image from the
reference image data set.

[0084] Example 11 is the gesture recognition training device of Example 8 or 9, wherein the
generator is configured to generate the motion-compensated image by generating an
intermediate image in which the movement of the camera from a reference camera viewpoint
to the viewpoint from which the image shows the body part is compensated and generating the
motion-compensated image by increasing the image quality of the intermediate image and
wherein the processor is configured to train the generator to reduce the difference between the

intermediate image and a reference intermediate image generated from the motion-
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compensated image by motion compensation performed based on a determination of a camera

viewpoint difference from the image and the preceding image.

[0085] Example 12 is the gesture recognition training device of Example 11, wherein the
processor is configured to determine the camera viewpoint difference by Simultaneous
Localization and Mapping.

[0086] Example 13 is a method for training a generator including adjusting a generator for
generating a motion-compensate image for an image of a sequence of images taken by a
camera, each image showing a body part with which a gesture is performed from a viewpoint
of a camera, by compensating the movement of the camera from a reference camera viewpoint
to the viewpoint from which the image shows the body part based on the image and based on
a motion-compensated image of the sequence generated for a preceding image of the
sequence which precedes the image in the sequence, wherein the generator is adjusted to
lower the ability of a discriminator to detect that a motion-compensated image generated by
the generator has been generated by the generator.

[0087] Example 14 is a gesture recognition device including: an input interface configured
to receive a plurality of sequences of representations of a pose or movement of a body part;
and a processor configured to implement a neural network configured to determine, for each
sequence of representations of the plurality of sequences of representations, a feature map;
and adjust, in accordance with a first attention map, feature map values determined for a first
sequence of representations of the plurality of sequences of representations, by feature map
values determined for a second sequence of representations of the plurality of sequences of
representations; adjust, in accordance with a second attention map, feature map values
determined for the second sequence of representations, by feature map values determined for
the first sequence of representations, wherein the second attention map is different from the
first attention map; and estimate a gesture from the sequence of motion-compensated images
using the adjusted feature map values determined for the first sequence of representations and

the adjusted feature map values determined for the second sequence of representations.
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[0088] Example 15 is the gesture recognition device of Example 14, wherein the processor

is configured to determine the first attention map and the second attention map.

[0089] Example 16 is the gesture recognition device of Example 14 or 15, wherein the
processor is configured to determine the first attention map depending on a first set of neural
network parameters and the second attention map depending on a second set of neural
network parameters, wherein the neural network parameters are independently trainable.
[0090] Example 17 is the gesture recognition device of Example 16, wherein the neural
network is a convolutional neural network and the neural network parameters of the first set of
neural network parameters and of the second set of neural network parameters are filter
weights.

[0091] Example 18 is the gesture recognition device of any one of Examples 14 to 17,
wherein the neural network is configured to determine the feature map by processing an input
feature map.

[0092] Example 19 is the gesture recognition device of any one of Examples 14 to 18,
wherein the processor is configured to determine the first attention map and the second
attention map based on the input feature map.

[0093] Example 20 is the gesture recognition device of any one of Examples 14 to 19,
wherein the processor is configured to determine the first attention map from the feature map
values determined for the first sequence of representations and to determine the second
attention map from the feature map values determined for the second sequence of
representations.

[0094] Example 21 is the gesture recognition device of any one of Examples 14 to 20,
wherein each sequence of representation has a plurality of nodes and the feature map for the
sequence of representations has a vector of feature values for each node.

[0095] Example 22 is the gesture recognition device of any one of Examples 14 to 21,
wherein each representation has nodes and the feature map for the sequence of

representations has a vector of feature values for each node for each representation.
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[0096] Example 23 is the gesture recognition device of any one of Examples 14 to 22,

wherein the neural network includes a sequence of neural network stages beginning with a first
neural network stage and ending with a last neural network stage, wherein the first neural
network stage is configured to receive as input, for each sequence of representations, an initial
feature map and each neural network stage is configured to generate, for each sequence of
representations, a feature map based on a feature map it receives as input and each neural
network stage except the last is configured to provide the feature map it has generated as
input to the following neural network stage; and the processor is configured to, for each neural
network stage adjust, in accordance with a respective first attention map, feature map values
determined by the neural network stage for the first sequence of representations, by feature
map values determined for the second sequence of representations of the plurality of
sequences of representations; and to adjust, in accordance with a respective second attention
map, feature map values determined for the second sequence of representations, by feature
map values determined for the first sequence of representations, wherein the second attention
map is different from the first attention map.

[0097] Example 24 is the gesture recognition device of Example 23, wherein for at least
one sequence of representations, the initial feature map includes joint positions of the body
part.

[0098] Example 25 is the gesture recognition device of Example 23 or 24, wherein for at
least one sequence of representations, the initial feature map includes movement vectors of
joints of the body part specifying movement of joints over the sequence of representations.
[0099] Example 26 is a method for recognizing a gesture including: receiving a plurality of
sequences of representations of a pose or movement of a body part; determining, by a neural
network, for each sequence of representations of the plurality of sequences of representations,
a feature map; adjusting, in accordance with a first attention map, feature map values
determined for a first sequence of representations of the plurality of sequences of

representations, by feature map values determined for a second sequence of representations of
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the plurality of sequences of representations; adjusting, in accordance with a second attention

map, feature map values determined for the second sequence of representations, by feature
map values determined for the first sequence of representations, wherein the second attention
map is different from the first attention map; and estimating a gesture from the sequence of
motion-compensated images using the adjusted feature map values determined for the first
sequence of representations and the adjusted feature map values determined for the second
sequence of representations.

[00100] Example 27 is a gesture recognition training device including: a processor
configured to train a gate attention module to adjust, in accordance with a first attention map,
feature map values determined for a first sequence of representations of a plurality of
sequences of representations, by feature map values determined for a second sequence of
representations of the plurality of sequences of representations and adjust, in accordance with
a second attention map, feature map values determined for the second sequence of
representations, by feature map values determined for the first sequence of representations by
adjusting a first set of neural network parameters and a second set of neural network
parameters, wherein the gate attention module determines the first attention map from the
feature map values determined for the first sequence of representations depending on the first
set of neural network parameters and the gate attention module determines the second
attention map from the feature map values determined for the second sequence of
representations depending on the second set of neural network parameters.

[00101] Example 28 is a method for training a gate attention module for a gesture
recognition device, including:training the gate attention module to adjust, in accordance with a
first attention map, feature map values determined for a first sequence of representations of a
plurality of sequences of representations, by feature map values determined for a second
sequence of representations of the plurality of sequences of representations and adjust, in
accordance with a second attention map, feature map values determined for the second

sequence of representations, by feature map values determined for the first sequence of
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representations by adjusting a first set of neural network parameters and a second set of

neural network parameters, wherein the gate attention module determines the first attention
map from the feature map values determined for the first sequence of representations
depending on the first set of neural network parameters and the gate attention module
determines the second attention map from the feature map values determined for the second
sequence of representations depending on the second set of neural network parameters.
[00102] It should be noted that one or more of the features of any of the examples above
may be combined with any one of the other examples.

[00103] While specific aspects have been described, it should be understood by those skilled
in the art that various changes in form and detail may be made therein without departing from
the spirit and scope of the aspects of this disclosure as defined by the appended claims. The
scope is thus indicated by the appended claims and all changes which come within the meaning

and range of equivalency of the claims are therefore intended to be embraced.
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Claims

A gesture recognition device comprising:
an input interface configured to receive a sequence of images, each image showing a
body part with which a gesture is performed from a viewpoint of a camera; and
a processor configured to
generate a sequence of motion-compensated images from the sequence,
comprising:
generating a motion-compensated image for an image of the sequence
by compensating the movement of the camera viewpoint from a
reference camera viewpoint to the viewpoint from which the image shows
the body part based on
the image and
a motion-compensated image of the sequence generated for a
preceding image of the sequence which precedes the image in the
sequence; and

estimate the gesture from the sequence of motion-compensated images.

The gesture recognition device of claim 1, wherein the processor is configured to
implement a generator of a generative adversarial network and is configured to
generate the motion-compensated image from the sequence of motion-compensated

images by means of the generator.

The gesture recognition device of claim 1, wherein the processor is configured to
generate the motion-compensated image by generating an intermediate image, wherein
in the intermediate image the movement of the camera from a reference camera

viewpoint to the viewpoint from which the image shows the body part is compensated,
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and wherein the processor is configured to generate the motion-compensated image by

increasing the image quality of the intermediate image.

The gesture recognition device of claim 3, wherein increasing the image quality of the

intermediate image comprises deblurring the body part in the intermediate image.

The gesture recognition device of claim 1, wherein the processor is further configured to
generate, from the a sequence of motion-compensated images, a plurality of sequences
of representations of a pose or movement of a body part;
implement
a neural network configured to determine, for each sequence of representations
of the plurality of sequences of representations, a feature map; and
a gate attention module configured to adjust, in accordance with a first attention
map, feature map values determined for a first sequence of representations of
the plurality of sequences of representations, by feature map values determined
for a second sequence of representations of the plurality of sequences of
representations and to adjust, in accordance with a second attention map,
feature map values determined for the second sequence of representations, by
feature map values determined for the first sequence of representations; and
estimate a gesture from the sequence of motion-compensated images using the
adjusted feature map values determined for the first sequence of representations and

the adjusted feature map values determined for the second sequence of representations.

The gesture recognition device of claim 5, wherein the second attention map is different

from the first attention map.

A method for recognizing a gesture comprising
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receiving a sequence of images, each image showing a body part with which a gesture

is performed from a viewpoint of a camera;
generating a sequence of motion-compensated images from the sequence, comprising:
generating a motion-compensated image for an image of the sequence
by compensating the movement of the camera viewpoint from a
reference camera viewpoint to the viewpoint from which the image shows
the body part based on
the image and
a motion-compensated image of the sequence generated for a
preceding image of the sequence which precedes the image in the
sequence; and

estimating the gesture from the sequence of motion-compensated images.

A gesture recognition training device comprising:

a processor configured to train a generator for generating a motion-compensate image
for an image of a sequence of images taken by a camera, each image showing a body
part with which a gesture is performed from a viewpoint of a camera, by compensating
the movement of the camera from a reference camera viewpoint to the viewpoint from
which the image shows the body part based on the image and based on a motion-
compensated image of the sequence generated for a preceding image of the sequence
which precedes the image in the sequence by adjusting the generator to lower the
ability of a discriminator to detect that a motion-compensated image generated by the

generator has been generated by the generator.

The gesture recognition training device of claim 8, wherein the processor is further
configured to train the discriminator to distinguish between motion-compensated

images generated by the generator and images from a reference image data set.
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The gesture recognition training device of claim 9, wherein the processor is configured
to train the discriminator to distinguish a motion-compensated image generated by the
generator and an image from the reference image data set based on key point
embeddings generated for the motion-compensated image and the image from the

reference image data set.

The gesture recognition training device of claim 8, wherein the generator is configured
to generate the motion-compensated image by generating an intermediate image in
which the movement of the camera from a reference camera viewpoint to the viewpoint
from which the image shows the body part is compensated and generating the motion-
compensated image by increasing the image quality of the intermediate image and
wherein the processor is configured to train the generator to reduce the difference
between the intermediate image and a reference intermediate image generated from
the motion-compensated image by motion compensation performed based on a
determination of a camera viewpoint difference from the image and the preceding

image.

The gesture recognition training device of claim 11, wherein the processor is configured

to determine the camera viewpoint difference by Simultaneous Localization and

Mapping.

A method for training a generator comprising:

adjusting a generator for generating a motion-compensate image for an image of a
sequence of images taken by a camera, each image showing a body part with which a
gesture is performed from a viewpoint of a camera, by compensating the movement of

the camera from a reference camera viewpoint to the viewpoint from which the image
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shows the body part based on the image and based on a motion-compensated image of

the sequence generated for a preceding image of the sequence which precedes the
image in the sequence, wherein the generator is adjusted to lower the ability of a
discriminator to detect that a motion-compensated image generated by the generator

has been generated by the generator.

A gesture recognition device comprising:

an input interface configured to receive a plurality of sequences of representations of a

pose or movement of a body part; and

a processor configured to
implement a neural network configured to determine, for each sequence of
representations of the plurality of sequences of representations, a feature map;
and
adjust, in accordance with a first attention map, feature map values determined
for a first sequence of representations of the plurality of sequences of
representations, by feature map values determined for a second sequence of
representations of the plurality of sequences of representations;
adjust, in accordance with a second attention map, feature map values
determined for the second sequence of representations, by feature map values
determined for the first sequence of representations, wherein the second
attention map is different from the first attention map; and
estimate a gesture from the sequence of motion-compensated images using the
adjusted feature map values determined for the first sequence of
representations and the adjusted feature map values determined for the second

sequence of representations.
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The gesture recognition device of claim 14, wherein the processor is configured to

determine the first attention map and the second attention map.

The gesture recognition device of claim 14, wherein the processor is configured to
determine the first attention map depending on a first set of neural network parameters
and the second attention map depending on a second set of neural network parameters,

wherein the neural network parameters are independently trainable.

The gesture recognition device of claim 16, wherein the neural network is a
convolutional neural network and the neural network parameters of the first set of
neural network parameters and of the second set of neural network parameters are

filter weights.

The gesture recognition device of claim 14, wherein the neural network is configured to

determine the feature map by processing an input feature map.

The gesture recognition device of claim 14, wherein the processor is configured to
determine the first attention map and the second attention map based on the input

feature map.

The gesture recognition device of claim 14, wherein the processor is configured to
determine the first attention map from the feature map values determined for the first
sequence of representations and to determine the second attention map from the

feature map values determined for the second sequence of representations.
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The gesture recognition device of claim 14, wherein each sequence of representation
has a plurality of nodes and the feature map for the sequence of representations has a

vector of feature values for each node.

The gesture recognition device of claim 14, wherein each representation has nodes and
the feature map for the sequence of representations has a vector of feature values for

each node for each representation.

A method for recognizing a gesture comprising:

receiving a plurality of sequences of representations of a pose or movement of a body
part;

determining, by a neural network, for each sequence of representations of the plurality
of sequences of representations, a feature map;

adjusting, in accordance with a first attention map, feature map values determined for a
first sequence of representations of the plurality of sequences of representations, by
feature map values determined for a second sequence of representations of the plurality
of sequences of representations;

adjusting, in accordance with a second attention map, feature map values determined
for the second sequence of representations, by feature map values determined for the
first sequence of representations, wherein the second attention map is different from
the first attention map; and

estimating a gesture from the sequence of motion-compensated images using the
adjusted feature map values determined for the first sequence of representations and

the adjusted feature map values determined for the second sequence of representations.

A gesture recognition training device comprising:

a processor configured to train a gate attention module to
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adjust, in accordance with a first attention map, feature map values determined

for a first sequence of representations of a plurality of sequences of
representations, by feature map values determined for a second sequence of
representations of the plurality of sequences of representations and
adjust, in accordance with a second attention map, feature map values
determined for the second sequence of representations, by feature map values
determined for the first sequence of representations;
by adjusting a first set of neural network parameters and a second set of neural
network parameters, wherein
the gate attention module determines the first attention map from the feature
map values determined for the first sequence of representations depending on
the first set of neural network parameters; and
the gate attention module determines the second attention map from the feature
map values determined for the second sequence of representations depending

on the second set of neural network parameters.

25. A method for training a gate attention module for a gesture recognition device,

comprising:

training the gate attention module to
adjust, in accordance with a first attention map, feature map values determined
for a first sequence of representations of a plurality of sequences of
representations, by feature map values determined for a second sequence of
representations of the plurality of sequences of representations and
adjust, in accordance with a second attention map, feature map values
determined for the second sequence of representations, by feature map values

determined for the first sequence of representations;

31



WO 2022/266853 PCT/CN2021/101611
by adjusting a first set of neural network parameters and a second set of neural

network parameters, wherein
the gate attention module determines the first attention map from the feature
map values determined for the first sequence of representations depending on
the first set of neural network parameters; and
the gate attention module determines the second attention map from the feature
map values determined for the second sequence of representations depending

on the second set of neural network parameters.
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Generate sequence of motion-compensated images
from the received sequence of images
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Estimate gesture from the sequence of motion-
compensated images
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